SPECTRUS: A Dimensionality Reduction Approach for Identifying Dynamical Domains in Protein Complexes from Limited Structural Datasets  by Ponzoni, Luca et al.
ResourceSPECTRUS: A Dimensionality Reduction Approach
for Identifying Dynamical Domains in Protein
Complexes from Limited Structural DatasetsGraphical AbstractHighlightsd SPECTRUS is a general method for identifying dynamical
domains in proteins
d It performs spectral clustering of amino acids based on their
distance fluctuations
d It takes as input conformers from PDB entries or MD
trajectories
d The SPECTRUS web server and source code are available at
spectrus.sissa.itPonzoni et al., 2015, Structure 23, 1516–1525
August 4, 2015 ª2015 Elsevier Ltd All rights reserved
http://dx.doi.org/10.1016/j.str.2015.05.022Authors
Luca Ponzoni, Guido Polles, Vincenzo
Carnevale, Cristian Micheletti
Correspondence
lponzoni@sissa.it
In Brief
Ponzoni et al. present SPECTRUS, a
general method to identify dynamical
domains in proteins. SPECTRUS uses a
dimensional reduction of the inter-
residue distance fluctuations and exploits
its properties to single out the intrinsic
number and type of domains.
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Identifying dynamical, quasi-rigid domains in pro-
teins provides a powerful means for characterizing
functionally oriented structural changes via a parsi-
monious set of degrees of freedom. In fact, the rela-
tive displacements of few dynamical domains usually
suffice to rationalize the mechanics underpinning
biological functionality in proteins and can even be
exploited for structure determination or refinement
purposes. Here we present SPECTRUS, a general
scheme that, by solely using amino acid distance
fluctuations, can pinpoint the innate quasi-rigid do-
mains of single proteins or large complexes in a
robust way. Consistent domains are usually obtained
by using either a pair of representative structures or
thousands of conformers. The functional insights
offered by the approach are illustrated for biomole-
cular systems of very different size and complexity
such as kinases, ion channels, and viral capsids.
The decomposition tool is available as a software
package and web server at spectrus.sissa.it.
INTRODUCTION
The functional proficiency of proteins as molecular machines
often relies on their internal structural dynamics. In fact, the
intrinsic conformational fluctuations of these biomolecules are
often primed to favor and assist the inter-conversion between
different substates, such as activated and inactivated forms of
an enzyme or the open and closed states of channels (Henzler-
Wildman and Kern, 2007; Ramanathan et al., 2014; Micheletti,
2013; Li et al., 2014; Sauguet et al., 2014).
The fact that these structural changes are typically of large
amplitude and have a collective character (Tirion, 1996; Tama
and Sanejouand, 2001; Delarue and Sanejouand, 2002; Pontig-
gia et al., 2008) has naturally posed the challenge of developing
suitable methods for describing these rearrangements in terms
of rigid-like displacements (rotations and translations) of a
limited number of quasi-rigid domains (Hayward et al., 1997;
Wriggers and Schulten, 1997; Hinsen, 1998; Kundu et al.,1516 Structure 23, 1516–1525, August 4, 2015 ª2015 Elsevier Ltd Al2004; Painter and Merritt, 2006; Aleksiev et al., 2009; Bernhard
and Noe´, 2010; Kirchner and Gu¨ntert, 2011; Morra et al., 2012;
Romanowska et al., 2012). By these means, one can achieve a
parsimonious identification of the few degrees of freedom that
suffice to describe and explore the conformational space acces-
sible to a given protein.
The applicative avenues of quasi-rigid domain decomposition
strategies are several and diverse. For instance, they can
be used to extend the analysis of molecular dynamics (MD) tra-
jectories beyond the linear superposition of essential dynamical
spaces, precondition enhanced sampling techniques, and
compare the functional dynamics of proteins with different de-
grees of sequence and structural similarity (Song and Jernigan,
2006; Micheletti, 2013; Zen et al., 2008; Morra et al., 2012). Other
applications include the selection of a manageable parameter
space for inferential or maximum-likelihood structure determina-
tion (Zhang et al., 2012; Scheres et al., 2007) as well as detecting
the basic mechanical and assembly units of large macromolec-
ular complexes, such as viral capsids (Freddolino et al., 2006;
Roos et al., 2012; Snijder et al., 2013; Polles et al., 2013).
Available quasi-rigid domain decomposition methods build
either directly or indirectly on the notion that, for genuinely rigid
bodies, the distances between any two constitutive points are
strictly preserved during the motion in space (Snyder and Mon-
telione, 2005;Menor et al., 2009; Bernhard andNoe´, 2010; Kirch-
ner and Gu¨ntert, 2011). Accordingly, a common starting point is
the calculation of the distance fluctuations for each pair of amino
acids, a and b,
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where da,b is the Ca atoms distance and the angled brackets
denote the average over representative conformers from avail-
able crystal structures or sampled fromMD trajectories. A model
fmatrix can also be computed from a single reference structure
by using elastic networks.
The entries of the distance fluctuation matrix give a quantita-
tive measure of the likelihood that two amino acids belong to
the same rigid domain, and hence provide a natural pairwise-
similarity measure for grouping them with clustering algorithms.
The scope of current implementations of this general and
transparent strategy is limited by two main factors.
First, because the quasi-rigid character of biomolecular do-
mains holds only approximately, the subdivisions can dependl rights reserved
Figure 1. SPECTRUS Flowchartsignificantly on the clustering algorithm and the number of con-
formers used to derive the distance fluctuation matrix, especially
when only few conformers are used.
The second challenge is the definition of an objective, quanti-
tative criterion for choosing the most significant subdivision
among those obtained by clustering amino acids in an increasing
number of domains. In specific contexts, this challenge can be
overcome by using ad hoc auxiliary parameters. For instance,
considerations of domain-shape homogeneity and structural
integrity can help identify viable decompositions of viral capsids
(Polles et al., 2013). Because such strategies are intrinsically
tailored to specific systems, it remains an open issue to identify
suitable order parameters for ranking the significance of various
subdivisions using general criteria that are internal to the clus-
tering procedure itself. In this regard we note that, although virtu-
ally all current decomposition strategies entail the minimization
of the total intra-domain distance fluctuations, the latter quantity
is generally not useful for singling out the optimal quasi-rigid do-
mains. In fact, it attains its global minimum for the trivial subdivi-
sion where each amino acid corresponds to a single domain.
Here we introduce, validate, and apply a self-contained quasi-
rigid domain subdivision strategy, termed SPECTRUS after
SPECTral-based Rigid Units Subdivision, that allows us to over-
come both difficulties.
Specifically, the consistency of quasi-rigid subdivisions with
respect to the number of available conformers as well as the
adopted clustering method is achieved through the Laplacian
spectral projection (Shi and Malik, 2000). This is a data precon-
ditioning technique that provides an optimal dimensional reduc-
tion of the phase space describing the distance fluctuations of all
amino acid pairs, thus providing the required partitioning robust-
ness. A similar formalism has been previously applied to the con-
tacting network of amino acids to identify those involved in allo-
steric signal propagation (Chennubhotla and Bahar, 2006).
Furthermore, we show that the very same properties of the
reduced-dimensionality space can be seamlessly used to define
a quality score that can pinpoint significant subdivisions based
on the balance of intra- and inter-domain distance fluctuations
compared with a random reference case. To our knowledge
this balance, which is increasingly recognized as crucial for
optimal clustering strategies (Liu et al., 2010), has not yet been
exploited in the context of protein rigid domain decomposition,
where intra-domain geometrical stability is usually the sole quan-
tity being optimized. Therefore, the proposed quality score argu-
ably represents a first general, quantitative criterion that is inter-
nal to the decomposition method and, by aiding the assessment
of the subdivision significance, can help single out the innate, or
intrinsic, quasi-rigid domains.
The effectiveness of SPECTRUS as a general and transferable
strategy for quasi-rigid domain decomposition is ascertained
here by discussing its application to a repertoire of proteins
and molecular assemblies differing by oligomeric state andStructure 23, 1516–1525, August 4, 2015size. In particular, starting from the
familiar validation case of adenylate ki-
nase, we next consider two membraneprotein complexes, namely GLIC and NavAb, whose basic func-
tional, quasi-rigid domains have been suggested only recently,
based on the supervised inspection of novel experimental and
numerical data (Sauguet et al., 2013, 2014; Amaral et al.,
2012). Finally, the capability of the method to operate with a
‘‘high dynamic range’’ of domains and molecular sizes is illus-
trated for two viral capsids, namely those of the satellite tobacco
mosaic virus and Triatoma virus, for which it correctly pinpoints
the several tens of known functional units (Freddolino et al.,
2006; Snijder et al., 2013). For these or even larger macromolec-
ular assemblies, which may be too onerous to simulate with
atomistic MD, we further show that the distance fluctuation ma-
trix can be viably obtained from computationally effective elastic
network models using only a single reference structure as input.
SPECTRUS takes as input multiple structures with no mis-
matched sets of missing residues or a single conformation
when used in the elastic network mode; it is freely available as
a software package and web server at spectrus.sissa.it.
RESULTS AND DISCUSSION
For a stringent validation of SPECTRUS, we carried out a
comparative assessment of rigid domain decompositions of sin-
gle proteins and large macromolecular complexes obtained by
grouping amino acids using their pairwise distance fluctuations
(which capture the local rigidity) as a measure of dissimilarity.
To cover the widest possible repertoire of clustering strate-
gies, we considered both hierarchical schemes, such as the
complete-linkage and group-average agglomerative clusterings,
and flat schemes, represented by k-medoids and cut-based
clusterings. A self-contained account of these well-established
schemes is provided in the Supplemental Experimental Proce-
dures. Both types of methods are applied with and without the
spectral projection preconditioning step, whose algorithmic
formulation is shown schematically in Figure 1 and is detailed
in the Experimental Procedures along with a heuristic explana-
tion. Wherever possible, we also relate the results to those of
other publicly available decomposition tools: DynDom (Hayward
et al., 1997), PiSQRD (Aleksiev et al., 2009), TLSMD (Painter and
Merritt, 2006), and CYRANGE (Kirchner and Gu¨ntert, 2011). This
comparison was not possible for all cases, since these methods
have been purposely aimed at specific contexts and hence the
scope of their current implementations may not include, e.g.,
more than two conformers or structures including disconnected
chains, or with more than a few hundred amino acids.
Adenylate Kinase
For a first assessment and validation of the SPECTRUS strategy
we consider the case of Escherichia coli adenylate kinase. This
is a monomeric phosphotransferase enzyme of about 200
amino acids, which balances the energy charge of the cell by
catalyzing the conversion of ATP and AMP into two moleculesª2015 Elsevier Ltd All rights reserved 1517
Figure 2. Quasi-Rigid Domain Decomposition of Escherichia coli Adenylate Kinase
The results based on the sole open and closed conformers shown in (A) are summarized in (B). The quality score profiles obtained using various pairs of con-
formers fromPDB: 1AKE and PDB: 4AKE and from extensiveMD trajectories are shown in (C). The structural representation of theQ = 3 subdivision is given in (D).
For further details see Figures S1 and S2.of ADP. The enzyme is capable of spontaneously interconvert-
ing between the open conformation and the closed, catalytically
competent one (Henzler-Wildman and Kern, 2007; Pontiggia
et al., 2008).
Consistently with the noticeable structural differences of the
two forms, which are shown in Figure 2A, the enzyme functional
mechanics is usually rationalized in terms of the relative move-
ments of two main subparts, the ATP binding domain (LID) and
the AMP binding domain (NMP) around the central core.
We accordingly start the study of adenylate kinase by focusing
on the subdivisions into Q = 3 domains obtained by using the
various aforementioned types of clustering strategies. For all of
them, we used as input the distance fluctuationmatrix computed
from the sole open and closed conformers of Figure 2A. The dif-
ference between these two conformers captures the functional
motion of the enzyme to the fullest extent. We accordingly use
them to check whether rigid domains can be reliably identified
when the input dataset is limited and yet representative of the
biologically relevant conformational ensemble.
We first apply the direct partitioning approach, i.e., without the
preconditioning step of the spectral Laplacian projection. The re-
sulting subdivisions are shown with one-dimensional color-
coded representations in the upper part of Figure 2B. Although
these partitions display an overall accord for identifying the
core, NMP (residues 30 to 60) and LID (residues 115 to
160) as the main quasi-rigid units, there are also significant
qualitative differences across them. This is readily conveyed by
the varying degree of fragmentation of the domain assignment
along the sequence. In this regard we note that, while a high de-
gree of sequence-wise fragmentation is not plausible a priori, it is
not directly penalized by the clustering schemes. Therefore,1518 Structure 23, 1516–1525, August 4, 2015 ª2015 Elsevier Ltd Alchecking for overall sequence-wise domain integrity can be
a useful a posteriori criterion for evaluating the viability of a
subdivision.
Exactly the same analysis was next repeated after precondi-
tioning the data with the Laplacian spectral projection. The re-
sults obtained after such dimensional reduction are shown in
the lower section of Figure 2B. The dramatic improvement of
the degree of consistency and sequence-wise domain integrity
is readily noticed. In fact, it is seen that all methods now give a
practically unanimous consensus for the location of the domain
boundaries, and the sequence-wise domain discontinuity is now
minimal across all methods. The consensus domain boundaries
agree with those returned by other quasi-rigid decomposition
methods such as DynDom, PiSQRD, TLSMD, and CYRANGE,
as detailed in Figure S1. For CYRANGE, however, which aims
at identifying rigid-like domains that are recurrent across nuclear
magnetic resonance models, we point out that only the core and
the LID regions are recognized as being quasi-rigid.
The advantages of the spectral projection technique, however,
better emerge after lifting the restriction to the Q = 3 case. The
data preconditioning step can help identify the innate number
and type of domains based on a quality score, defined in the
Experimental Procedures section, which captures the statistical
significance of the subdivisions.
We accordingly computed the quality score for all adenylate
kinase subdivisions from Q = 2 to Q = 25 quasi-rigid domains,
using separately as input each of the four possible pairings of
chains from PDB: 1AKE and PDB: 4AKE. For reasons of effi-
ciency, for each value of Q we considered the subdivision re-
turned by the k-medoids scheme after the Laplacian spectral
projection.l rights reserved
The resulting profile of the quality score is shown in Figure 2C.
Across the wide range of considered number of domains, two
peaks emerge clearly in the profiles. The first peak is associated
with the subdivision intoQ = 3 domains discussed above, shown
on the open conformation in Figure 2D. It is noteworthy and
pleasing that this intuitive and customary subdivision consis-
tently emerges as the optimal one among those involving only
few domains. The second and most prominent peak occurs for
the finer subdivision into Q = 8 or 9 domains. The associated
subdivisions, which are hierarchically related to the Q = 3 subdi-
vision, are shown in Figure S1.
The robustness of these findingswas ascertained by repeating
the analysis using as input the distance fluctuation matrix ob-
tained from extensive MD trajectories rather than the minimalist
set of the sole open and closed conformers. To this purpose, we
used thousands of conformations from previously published
50-ns-long atomistic simulations started from both the open
and closed state of adenylate kinase (Pontiggia et al., 2008).
This duration suffices to yield reliable essential dynamical
spaces (the cosine content of the top ten principal components
is <0.5; Hess, 2002).
Figure 2C shows that the resulting quality score profile has a
trend that parallels the one obtained for the case with two struc-
tures. In particular, the subdivisions forQ = 3 andQ = 9 stand out
as the most significant ones, as in the previous case. The main
difference is in the relative quality score of the subdivisions
based on only two conformers, since the most significant one
now corresponds to Q = 3.
We finally note that the possibility to single out only few
outstanding subdivisions among tens of possible ones is made
possible by the quality score definition which, with a single
parameter, can convey how compact and well separated are
the clusters comparedwith a null reference case. These features,
for instance, cannot be straightforwardly gleaned by a standard
analysis of the Laplacian matrix spectrum (see Figure S1).
Robustness of Subdivisions and Quality Score
To better illustrate the robustness of SPECTRUS, we considered
the impact of progressively impoverishing the dataset on
the subdivision consistency. Specifically we considered: (1)
removing the residues with the largest B factors from PDB:
1AKE, 4AKE so as to simulate structural gaps due to non-
resolved residues; (2) using separately the two halves of the
aforementioned MD trajectories of AKE; (3) using alternative
open and closed forms of the homologous Streptococcus pneu-
moniae adenylate kinase; and (4) using various combinations of
the structural representatives for three enzymes, whose internal
dynamics and functional domains were previously characterized
by Bakan and Bahar (2009). The results of all these cases are
detailed in Figures S1 and S2, and show that impoverishing the
input datasets usually has minor effects on the domain assign-
ments, while the sharpness of the quality score peaks can
degrade. The latter observation prompted us to complement
the profile of the quality score median (as defined in Experi-
mental Procedures) with the profiles of the 40th and 60th percen-
tiles. In this way, the consistency (or lack thereof) of the three
percentile trends provides valuable elements with which to
assess a posteriori whether a sharp indication of the intrinsic
number of domains emerges from the available structural data.Structure 23, 1516GLIC, a Ligand-Gated Ion Channel
We now turn to the case of GLIC, a pentameric ligand-gated ion
channel (Bocquet et al., 2006). The ongoing efforts to charac-
terize its molecular mechanism of ion permeation have been
significantly aided recently by the successful X-ray determination
of the open and closed forms of the channel (Sauguet et al., 2013,
2014). The root-mean-square deviation of the 1,555 amino acids
present in both crystal structures is less than 2.0 A˚. This overall
small structural deviation makes the identification of quasi-rigid
domains in GLIC very challenging in general.
The mechanistic bases of the GLIC gating action have ulti-
mately been elucidated by Sauguet et al. (2014) with a meticu-
lous and laborious supervised procedure.
To this same purpose, we carried out the quasi-rigid domain
decomposition of GLIC. The corresponding distance fluctuation
matrix was computed using the five available pentameric con-
formers of GLIC: four from the closed structure (PDB: 4NPQ)
and one from the open structure (PDB: 4HFI) (Figure 3A). The
matrix was constructed by omitting the few amino acids which
were solved for only one of the two forms. The resulting linear
size of the matrix was 1,555, corresponding to 311 amino acids
for each monomer of the pentameric channel. The matrix was
next used as input for the same combination of clustering
methods previously discussed for adenylate kinase.
We start by directly discussing the SPECTRUS output, i.e., the
results obtained with the spectral projection preconditioning
step. The quality score profile, computed for the computationally
efficient k-medoids scheme, is shown in Figure 3B and presents
a very prominent peak for a subdivision in Q = 6 domains. The
corresponding sequence-wise amino acid partitioning is shown
in the lower half of Figure 3C.
The same panel illustrates that, as for adenylate kinase, after
the projection preconditioning step the subdivisions of GLIC
are practically independent of the clustering method. Accord-
ingly, for reasons of efficiency, in the following we exclusively
consider partitionings obtained with k-medoids clustering.
Such robustness is particularly notable when considering two
aspects. The first regards the contrast of the rather large size of
the complex, more than 1,500 amino acids, and the minimal
number of conformers used for the analysis. Such a combination
might be expected a priori to negatively affect the sensitive
discrimination of domain boundaries, thus making subdivisions
too dependent on the adopted decomposition strategy. This is
what is observed when the clustering is applied directly to the
unprojected distance fluctuation matrix, as shown in Figure 3C.
The difference with the projection case, in terms both of
sequence-wise domain continuity and consistency across the
methods, is striking. The second aspect regards the fact that
several clustering methods tend to balance the size of the do-
mains. This effect is discernible in the subdivisions, particularly
the k-medoids one of Figure 3C, but is strikingly absent after
the introduction of the spectral projection.
The last point is particularly important in connection with the
mechanistic interpretation of GLIC gating action. The Q = 6 sub-
divisions consensually indicate that about half of the channel is
encompassed in a single quasi-rigid domain. This domain corre-
sponds to the lower part of the pentamer (Figure 3D) which, in
turn, is the channel portion that is surrounded by the lipid mem-
brane. The remaining half of eachmonomer is, instead, assigned–1525, August 4, 2015 ª2015 Elsevier Ltd All rights reserved 1519
Figure 3. Domain Decomposition of the GLIC Pentameric Ion Channel
The decomposition is based on the only two available crystal structures, namely PDB: 4HFI, shown in (A), and PDB: 4NPQ (Sauguet et al., 2013, 2014). The quality
score profile (B) returned by SPECTRUS indicates a primary partitioning into Q = 6 domains, see (C) and (D). The Q = 15 subdivision, which corresponds to a
secondary peak of the quality profile, is provided in Figure S3.to a different quasi-rigid domain. Pleasingly, this subdivision is
well consistent with the partitioning obtained by the PiSQRD
web server when constrained to return six quasi-rigid domains
for each of the two GLIC conformers. We recall that PiSQRD dif-
fers from SPECTRUS for the use of essential dynamical spaces
in place of thematrix of distance fluctuations and for the lack of a
non-monotonic quality score. The other decompositionmethods
were not applicable to GLIC for the aforementioned limits of the
input protein size or oligomeric state.
The SPECTRUS subdivision for Q = 6 has a straightforward
interpretation, as it indicates that the top halves of the fivemono-
mers (which is the extracellular part of the channel) can move
relative to each other while being hinged or anchored to the
same pentameric quasi-rigid core. This agrees with the fact
that the binding sites for GLIC ligands are located in the extracel-
lular part of the monomers, which must hence be mobile with
respect to the intra-membrane core to trigger the pore response.
This mechanistic view, which blurs the boundaries between
structural and dynamical domains, is in very good agreement
with the conclusions drawn by Sauguet et al. (2014) based on
the supervised inspection and comparison of the available crys-
tal structures.
This successful comparison represents a further validation of
the spectral decomposition method, and hence gives confi-
dence for applying the method to capture the finer aspects of
the channel mechanical articulation, which would be particularly
challenging to establish with supervised techniques. In partic-
ular, we note that the profile of the quality parameter in Figure 3B
features a secondary peak for Q = 15. This partitioning involves
finer subdivisions of the Q = 6 domains (see Figure S3), and1520 Structure 23, 1516–1525, August 4, 2015 ª2015 Elsevier Ltd Alhence provides valuable insight into the functional mechanics
of GLIC and its connection with the hierarchical quasi-rigid orga-
nization of its five constitutive monomers.
NavAb, a Voltage-Gated Ion Channel
As a further challenging case we considered the NavAb chan-
nel, whose gating action is controlled by the polarization state
of the embedding membrane and whose structure has been
recently solved (Payandeh et al., 2011). The structural organiza-
tion of the tetrameric NavAb complex is given in Figure 4A. It
features a pore domain, assembled from the last two trans-
membrane helices of each monomer (conventionally referred
to as S5 and S6), and four separate structural domains, each
comprising the first four helices of a monomer (S1–S4), which
act as voltage sensors.
When the polarization state of the membrane is altered, the
voltage-sensing domains undergo a conformational change,
which displaces the S4 helix perpendicularly to the membrane
(Jensen et al., 2012; Delemotte et al., 2011; Vargas et al.,
2011; Henrion et al., 2012). The displacement is next propagated
allosterically via the S4-S5 linker to the tetrameric pore, causing
its opening or closing. One standing issue regards how these
displacements are coupled.
To address this point, we applied the spectral domain decom-
positionanalysis to theNavAbcomplexusingas input thedistance
fluctuation matrix computed from a set of six extensive atomistic
MD simulations sampled by Amaral et al. (2012). Four of these
trajectories sampled themain stepsalong the voltage-sensor acti-
vation pathway, but with the pore still closed, while the remaining
ones featured, respectively, a partially open and an open pore.l rights reserved
Figure 4. Domain Decomposition of the NavAb Tetrameric Ion Channel
The channel structure is shown in (A) along with the standard labeling of the helices. The quality score profile (B) of the SPECTRUS subdivisions indicates that
NavAb is ideally subdivided into Q = 5 quasi-rigid domains (C) or into Q = 15 finer ones (D).The results of the SPECTRUS analysis are summarized in Fig-
ure 4. The quality score profile in Figure 4B features a peak for
Q = 5 quasi-rigid domains. Such a subdivision corresponds to
the intuitive partition of the tetrameric complex into the four
separate voltage-sensing domains plus the core.
The interesting and informative point regards the location of
the boundary between the pore domain and the voltage-sensing
ones. It is seen that for all four monomers this boundary occurs
systematically in the loop connecting the S4 helix to the S4-S5
linker between residues 105 and 118 (Figure 4C).
This is a valuable clue for themechanics underpinning the pore
gating mechanism. It indicates that a hinge is present, allowing
displacements of the voltage-sensor domain with respect to
the pore domain, and that the S4 helix is more rigidly connected
to the voltage-sensor domain than to the pore domain. The inter-
vening S4-S5 linker is instead co-opted in the quasi-rigid pore
macrodomain in all four monomers. Because the latter are
treated independently, i.e., no symmetry of the subdivision
across the monomers is enforced a priori, one concludes that
the mechanical coupling of the linker and the pore domain is
robust. The linker and the pore domain section of eachmonomer
are recognized as two distinct quasi-rigid units when one con-
siders the finer subdivision in Q = 15 domains, corresponding
to the second peak of the quality score (Figure 4D). Other as-
pects of this finer subdivision, however, are less conserved
across the monomers, arguably due to the still imperfect sam-
pling of the MD trajectories. Specifically, while the voltage-
sensing domain is subdivided into two domains in all monomers,
there appear to be two alternative locations for the boundary. For
the aforementioned reasons, the profiles of the median, 40th,Structure 23, 1516and 60th percentiles of the quality score do not follow exactly
the same trend.
Importantly, the results from the Q = 15 domains subdivision
suggest an activation mechanism by which the displacement
of S4 results in a motion of the linker that releases the steric hin-
drance exerted by the latter on the pore domain in the resting/
closed state; this observation disfavors the alternative scenario
in which the linker exerts an active pulling on the pore domain.
These quantitative indications should be valuable for designing
future studies aimed at elucidating by more direct means the
mechanical workings of the pore complex.
Viral Capsids: STMV and TrV
As a last applicative avenue, we discuss the quasi-rigid domain
decomposition of viral capsids. Identifying the mechanical,
quasi-rigid units of viral shells has several practical ramifications:
it is important for singling out the fundamental assembly or
disassembly units and for identifying the functional blocks that
preside structural changes such as those involved in the matura-
tion steps (Rader et al., 2005; Chennubhotla et al., 2005; Roos
et al., 2012; Polles et al., 2013).
Even the smallest viral capsid is much larger than any of
the complexes considered so far, and consists of dozens of
proteins. Accordingly, the subdivision task is significantly more
challenging than the previously discussed cases, even for ob-
taining the basic input data for general domain decomposition
strategies, i.e., the matrix of pairwise amino acid distance fluctu-
ations, f. Alternative crystal structures are usually not available,
and the large capsids size makes it largely impractical to
compute the f matrix using atomistic MD simulations.–1525, August 4, 2015 ª2015 Elsevier Ltd All rights reserved 1521
Figure 5. Domain Decompositions of Two Viral Capsids
The decompositions of the satellite tobacco mosaic virus (A) and of the Triatoma virus (D), based on elastic network models, are shown. The quality score profile
from SPECTRUS (B) indicates two prominent subdivisions into the Q = 60 individual constitutive proteins and in the Q = 20 trimeric domains shown in (C). The
same analysis of TrV capsid reveals an optimal partitioning for Q = 12 domains (E and F). For further details see Figures S4 and S5.To tackle the problem, we accordingly resorted to the use of
elastic network models (ENMs) which, thanks to the specific
properties of proteins (Tirion, 1996) and their free energy land-
scape, can reliably reproduce the equilibrium structural fluctua-
tions of proteins and protein assemblies starting from the input of
a single reference crystal structure (Hinsen, 1998; Micheletti
et al., 2004; Fuglebakk et al., 2013; Roos et al., 2012). The appli-
cability of these models to viral capsids has been previously
demonstrated in the context of viral capsid maturation (Rader
et al., 2005; Chennubhotla et al., 2005; Roos et al., 2012) and
for the supervised identification of geometrically stable blocks
through auxiliary parameters related to their shape homogeneity
and integrity (Polles et al., 2013).
Here, we use a b-Gaussian ENM, which accounts for both
main and side chains in proteins, to obtain amodel distance fluc-
tuation matrix, f, for the two icosahedral capsids of two viruses:
namely, the satellite tobacco mosaic virus (STMV) and the Tria-
toma virus (TrV). The STMV was chosen for validation purposes.
It is the smallest known viral capsid and the first one for which the
mechanical stability of the protein shell has been probed by all-
atom MD simulations (Freddolino et al., 2006; Larsson et al.,
2012). The functional domains of TrV, instead, have so far been
probed only by nano-indentation experiments and characterized
from the inspection of rupture debris (Roos et al., 2010; Snijder
et al., 2013). For this still relatively unexplored system, the iden-
tification of the quasi-rigid domains by theoretical/computational1522 Structure 23, 1516–1525, August 4, 2015 ª2015 Elsevier Ltd Almeans can add valuable insight about the nature of the mechan-
ical domains.
We accordingly start by discussing the SPECTRUS applica-
tion to the STMV capsid consisting of 60 identical proteins for
a total of 8,820 residues (Figure 5A). The distance fluctuationma-
trix derived from ENMdata (see Supplemental Experimental Pro-
cedures and Figure S4 for details about its calculation) was next
used as input for the spectral decomposition fromQ = 2 toQ = 80
quasi-rigid domains. This range was chosen because it covers
from the coarsest possible subdivisions to finer ones that are
smaller than the constitutive proteins.
The profile of the quality order parameter is shown in Figure 5B
(see Figure S4 for a wider range of Q). It is seen that there exist a
prominent peak for Q = 60 and a secondary one for Q = 20 do-
mains.Thesamepeakprofilesareseen if aplainanisotropicelastic
network and a different interaction cutoff are used (Figure S5).
The subdivision intoQ = 60 domains practically coincides with
the physically viable partitioning into single constitutive proteins.
Although this result is intuitive, we stress that it is obtained by us-
ing only the ENM-based internal structural fluctuation of the
capsid, with no explicit reference to the sequence or structural
boundaries of the individual proteins.
The coarser subdivision intoQ = 20 domains is therefore more
informative and relevant for the multimeric mechanical units of
the capsid. Figure 5C shows the associated subdivision, which
is very symmetric despite the fact that no a priori symmetryl rights reserved
was enforced. It is readily seen that each domain corresponds
to trimeric assemblies of the individual capsid proteins. These tri-
mers are, indeed, the correct mechanical units for STMV, as has
been previously established by computational studies on STMV
structural stability (Freddolino et al., 2006) and in our previous
ENM-based analysis of functional units based on the analysis
of several order parameter specifically tailored for viral shells
(Polles et al., 2013). We also note that, as for the case of AKE,
in this context too the innate character of the subdivisions into
Q = 60 and Q = 20 domains eludes the analysis based on the in-
spection of the Laplacian matrix spectrum (see Figure S4). This
latter fact is not surprising, because the approximate quasi-rigid
character of the domains makes it particularly challenging to
detect genuine gaps in the spectrum, especially at relatively
high indices of the ranked eigenvalues. These considerations un-
derscore the discriminatory capability of the quality score even
for a wide dynamic range of Q values.
Building on the successful validation of the STMV domain
decomposition, we next considered the still largely unexplored
case of TrV. The recently solved structure of the TrV capsids
is shown in Figure 5D: it is formed by 180 proteins of three struc-
turally nonequivalent types, colored differently in the panel, for a
total of 47,220 amino acids.
In this case too the capsid was subdivided into a number of
domains ranging from 2 to 80, and the profile of the associated
quality order parameter is shown in Figure 5E (see Figure S4
for a wider range of Q). The most prominent peak corresponds
to theQ = 12 solution illustrated in Figure 5E. This subdivision in-
volves 12 identical pentagonal units, each formed by 15 proteins.
The markedly high value of the quality score for this subdivision,
compared with that for more or fewer domains, is a strong indi-
cation of the robust, innate character of these multimers as the
fundamental mechanical blocks of the capsid.
This result is fully consistent with the conclusions of Snijder
et al. (2013) who, by inspecting the debris of TrV capsids
ruptured by an atomic force microscopy tip, concluded that
themost plausible mechanical blocks were the same pentagonal
units observed here. The present result therefore reinforces,
from an independent, quantitative perspective, the earlier con-
clusions based on nano-indentation experiments.
This consensus, in turn, adds confidence to the viability of the
present approach for identifying the quasi-rigid units from indi-
vidual proteins to large macromolecular assemblies.
For the latter, computationally onerous contexts, the scope of
elastic networks can be extended by using a coarse-grained rep-
resentation of the capsid where only one in, e.g., three or five
amino acids are retained. As shown in Figure S5, this structural
simplification procedure can significantly speed up the numeri-
cal calculation without impairing the correct identification of
the rigid domains (as they span several hundred amino acids).
Conclusions
We introduced and used a transparent and transferable method
for identifying both the number and type of quasi-rigid domains
in proteins and protein complexes involving from a few hundreds
to tens of thousands of amino acids.
The method, named SPECTRUS, takes as input the matrix of
pairwise distance fluctuations of amino acids that can be ob-
tained from various sources: it can be computed either from aStructure 23, 1516limited number of available crystal structures or from conforma-
tions sampled with extensive MD trajectories, or derived from
ENMs, when a single conformation of the molecule of interest
is available. The main requirement for reliable subdivisions is
that the input structures should be heterogeneous enough that
their difference captures the biologically relevant rearrange-
ments of the molecule.
Thepartitioning intoquasi-rigiddomains is recastasaclustering
problem. A key element of the strategy is the preconditioning step
whereby the distance fluctuation matrix is projected (via the
essential spaces of its Laplacian) in a space of low dimensionality,
which is ideally suited to expose the intrinsic groupings of amino
acids taking part to different quasi-rigid domains. This step has
twomajor advantages. First, it is instrumental inmaking the subdi-
vision robust andpractically independentof thespecificmethodof
clustering. Second, it is crucial for providing a quantitative basis to
assess the quality of a given subdivision, i.e., the extent to which
the observed intra-cluster compactness and inter-cluster separa-
tion differ from equivalent random subdivisions. By these means,
it is possible to single out the most significant number and type of
subdivisions of a given protein and protein complex.
The viability of the SPECTRUS approach was ascertained
by applying it to a number of well-characterized cases, which
are used for validation purposes, as well as open and debated
ones. The former include adenylate kinase, the GLIC channel,
and the STMV capsid, for which the customary, supervised sub-
divisions are all correctly reproduced. For the more challenging
and open caseswe instead considered the NavAb voltage-gated
ion channel and the viral capsid of the TrV, for which the decom-
position provides valuable insight regarding their still relatively
unexplored functional mechanics.
EXPERIMENTAL PROCEDURES
In their general formulation, clustering schemes take as input a matrix of
pairwise similarities, s, or dissimilarities, d, between the elements. In our
context, the elements are the amino acids, and the average fluctuations of
pairwise Ca distances, f, defined in Equation (1), provide a natural measure
of dissimilarity, i.e., dhf. A convenient mapping between corresponding
entries of the two matrices is obtained with a Gaussian weighting function,
sa;b = expðd2a;b=2d
2Þ, where d is a conservative measure for intra-cluster dis-
similarities (Von Luxburg, 2007). Because the local network formed by amino
acids in close contact is expected to be typically rigid, d is computed as the
average dissimilarity (i.e., the average distance fluctuation) of Ca pairs that
are closer than 10 A˚. All the other matrix entries, corresponding to pairs that
are farther apart than 10 A˚, are set to zero.
Spectral Projection and Clustering
As shown in the flowchart of Figure 1, the SPECTRUS subdivision of amino
acids into quasi-rigid domains relies on a preconditioning step involving the
spectral dimensional reduction of the distance fluctuation matrix. More specif-
ically, starting from the similarity matrix s, the partitioning of the N amino acids
into Q clusters is achieved through the following steps (Ng et al., 2002), which
are heuristically further explained below:
1. Calculation of the N 3 N symmetric Laplacian matrix,
L= I  D1=2 s D1=2, where I is the identity matrix and D is a diagonal
matrix with elements equal to Da;a =
P
b
sa;b:
2. Calculation of the Q lowest eigenvectors of L (i.e., those associated to
the Q smallest eigenvalues), v!1; v!2;.; v!Q:
3. Construction of the auxiliary N 3 Qmatrix X, whose columns are the Q
lowest eigenvectors of L. Accordingly, the matrix entries are defined as
Xi;j = v
j
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4. Normalization of each row of X. The normalized arrays represent the
coordinates ofN points on theQ-dimensional unit sphere. These points
provide the projection of the original N elements in the lower-dimen-
sional spectral space.
5. The N projected points are finally grouped in Q clusters with a method
of choice. We use the k-medoids scheme, which is computationally
efficient and has a simple formulation (Kaufman and Rousseeuw,
2009). Because the projected points are in one-to-one correspon-
dence with the original elements, this clustering straightforwardly
translates into the partitioning of the amino acids into Q quasi-rigid
domains.
The outlined strategy can be intuitively understood by recalling that the Lap-
lacian matrix describes how a probability density, defined on the nodes of a
graph, evolves by diffusion on the graph itself. Accordingly, the eigenvectors
at step 2 embody the slowest modes of relaxation to the steady-state proba-
bility distribution defined on the network (graph) connecting similar elements
(i.e., in the present case, amino acid pairs experiencing the least distance fluc-
tuations). The usefulness of these eigenvectors in clustering contexts readily
emerges when considering a graph consisting of Q disconnected subparts.
Because the probability distribution evolves independently on each of the un-
coupled subgraphs, the support of each one of the top Q Laplacian eigenvec-
tors is associated with a different subgraph. Accordingly, in the more general
context of a fully connected graph, the norm of the top eigenvectors of the
Laplacian is expected to be concentrated on the subgraphs with the least
inter-connection between each other.
Quality and Significance of Spectral Partitions
In ideal clustering cases, where the elements have neatly separated groupings,
the correct number of clusters can be identified by the presence of a gap in the
Laplacian spectrum (Von Luxburg, 2007; Ng et al., 2002). This sharp criterion is
generally not applicable in practical contexts, including subdividing proteins in
domains whose rigid character can hold only approximately.
As a robust criterion to guide the identification of the innate number and type
of partitions, we introduce an order parameter, which we term quality score,
which quantifies how compact and well separated are the clusters with
respect to a random reference case.
To measure the compactness and separation of the Q clusters returned at
step 5, we take
rðQÞ=mediana= 1;.;N

da;na

da;ma

: (Equation 2)
In this expression, a is the index of one element, ma is its representative me-
doid, i.e., the nearest of the medoids, and na is the second nearest medoid. For
distance of two elements, d, we take their arclength separation on the surface
of theQ-dimensional unit sphere, now endowed with the properties of a metric
space. The quantity r therefore captures how typically distant are the elements
from the closest alternative cluster compared with the distance of their own
cluster representative. It therefore provides an apt measure of clustering qual-
ity, since it is simultaneously informative about intra-cluster compactness and
inter-cluster separation. The use of the median in place of the average over all
elements confers further robustness against the presence of outliers. We com-
plement the profile of the quality score median with the profiles of the 40th and
60th percentiles.
For an equal-footing comparison of the clustering quality across different
values of Q, we finally normalize rðQÞ, dividing it by its value computed over
a collection ofN points that are randomly distributed on the unitQ-dimensional
hemisphere and clustered inQ groups. This normalization factor is straightfor-
wardly computed numerically.
Significant subdivisions are clearly associated with values of the (non-nega-
tive) quality score that are appreciably larger than 1. This implies that the clus-
ters are substantially more compact and better separated than for the random
case.
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